The green microalga Haematococcus pluvialis accumulates the red pigment astaxanthin accompanied by morphological changes under stress conditions, including nutrient depletion, continuous light and high temperature. To investigate the physiological state of the algal cells, we developed the digital image-processing software called HaematoCalMorph. The software automatically outputs 25 single-cell measurements of cell morphology and pigments based on color, bright-field microscopic images. Compared with manual inspection, the output values of cell shape were reliable and reproducible. The estimated pigment content fits the values calculated by conventional methods. Using a random forests classifier, we were able to distinguish flagellated cells from immotile cells and detect their transient appearance in culture. By performing principal components analysis, we also successfully monitored time-dependent morphological and colorimetric changes in culture. Thus, combined with multivariate statistical techniques, the software proves useful for studying cellular responses to various conditions as well as for monitoring population dynamics in culture.
Introduction
Haematococcus pluvialis Flotow [a synonym of H. lacustris (Girod-Chantrans) Rostafinski] is a unicellular green alga (Chlorophyceae) that has several unique characters. This alga forms flagellated green motile cells under favorable growth conditions. When the conditions become unfavorable, for example under nutrient depletion, continuous light or high temperature, the cells become spherical with no flagella (reviewed by Boussiba 2000) . Simultaneously, the alga turns from green to red to form cysts (resting cells) that have a thick and heavy resistant cell wall. This color change is due to continuous resorption of the green pigment Chl and gradual accumulation of the red pigment astaxanthin (3,3 0 -dihydroxy-b,b 0 -carotene-4,4 0 -dione) (Kobayashi et al. 1997b , Boussiba et al. 1999 , Wayama et al. 2013 . Because astaxanthin possesses high antioxidant activity (Kurashige et al. 1990 , Palozza and Krinsky 1992 , Naguib 2000 , its accumulation is considered a survival strategy against stressful conditions, under which reactive oxygen species are produced (Boussiba 2000) . Accordingly, astaxanthin-rich cysts are more tolerant to excessive reactive oxygen species than vegetative cells (Kobayashi et al. 1997a , Li et al. 2010 .
Because cell morphology and pigment content of the algal cells change during culture (Kobayashi et al., 1991 (Kobayashi et al., , 2001 , it is important to measure these cellular features in a physiological study. To monitor the amount of pigments, quantification with HPLC and spectroscopy (Yuan et al. 1996 , Lababpour and Lee 2006 , Ranga et al. 2009 ) and neural network-based estimation from cell images (Kamath et al. 2005 ) have been used. However, because the values obtained using these methods are volumetric concentrations or averaged cellular contents, the contents in an individual cell cannot be estimated.
used to monitor the pigment content in a single cell, but this requires expensive instruments and long measuring times (Collins et al. 2011 . No techniques for quantifying cell morphology in H. pluvialis exist.
Digital image analysis has been used to characterize cell morphology with a large set of quantitative features for other algal cells such as in taxonomic microalgae recognition in samples from an aquatic ecosystem (Walker et al. 2002 , Rodenacker et al. 2006 , Mosleh et al. 2012 . However, morphological changes of a particular algal species have not been studied quantitatively and statistically. In the research area of fermentation engineering, we applied multivariate statistical techniques for analysis of time-dependent changes of brewing yeasts during fermentation processes (Ohnuki et al. 2013) after quantifying a large number of morphological features (Ohya et al. 2005) . Particular effort was devoted to the development of robust statistical methods for providing insight into the dynamic changes in the yeast population (Ohnuki et al. 2012 , Ohnuki et al. 2013 . Similar statistical approaches were potentially applicable to monitor the physiological changes of algal cells.
Here, we present a novel system for monitoring H. pluvialis cells during culture. To quantify cell morphology and pigments in H. pluvialis, we developed image-processing software called HaematoCalMorph. In addition to the algal cells, the software recognized dead colorless cells due to infection by chytrid fungus-like organisms (Hoffman et al. 2008) or other causes. With a combination of multivariate statistical techniques, it was possible to classify the cells into specific groups reflecting the life cycle and to monitor dynamic changes in culture.
Results

Development of image-processing software
To quantify several features of the algal cells, we developed software named HaematoCalMorph. Fig. 1 summarizes the flow of the analysis composed of five processing steps (for a detailed algorithm, see the Materials and Methods). As the first step, color information was pre-processed from bright-field microscopic images (Step 1). Grayscale images of red, green and blue channels were decomposed from a color image, and the background intensities of images from the three channels were equalized. Then, we detected edges to recognize the boundary of segments (Step 2). 'Local edge' was first detected by applying the Canny algorithm (Canny 1986 ) to the red channel images. 'Global edge' was detected by tracing bright regions of the binarized image of high-chroma regions. We then combined these edges to segment cellular regions. The next important and unique step was to distinguish the foreground from the background (Step 3). To judge whether the segmented regions were foreground or background, we focused on the average and variance of intensities. Because background regions are uniformly transparent, the intensity in the region will have high average and low variance values. However, since foreground regions are opaque and inhomogeneous, the intensity will have low average and high variance values. Foreground regions were further classified into algal cell, colorless cell and non-cell regions (Step 4). To distinguish non-cell regions, we used chordiogram distance (Toshev et al. 2010 ) whereby a circular object was used as a reference. 'Cell regions' were then classified as algal cells or colorless cells using the color information. Finally, we calculated the morphological parameters (Step 5). For each categorized region, quantitative values regarding cell morphology and pigments were calculated. The software also outputs averages of these values in an image or a set of images obtained from one experimental trial.
The software was written in the Java language and was able to run on Java SE 6 on Mac OS X 10.8 and Windows 7. RGB (red, green, blue) color microscopic images 2,040Â1,536 pixels in size of H. pluvialis cells were used as test images.
Capability and specification of HaematoCalMorph
To analyze H. pluvialis cells, bright-field microscopic images were obtained with a color charge-coupled device (CCD) camera. Fig. 2 shows a flowchart of the image analysis with HaematoCalMorph. The input folder is composed of subfolders containing many color images of the cells. The software first processes the color images one by one and outputs analyzed images and a text file of single-cell data in the same subfolder in the output folder. The single-cell data consist of measurements that reflect cellular morphology and pixel intensity. Then the software outputs two other text files, one containing data summarized by image and one containing data summarized by the subfolder in the output folder. A description of the measurements is given in Table 1 . The software requires a Java runtime environment (JRE) and images in the joint photographic experts group (JPEG), tagged image file format (TIFF) or portable network graphics (PNG) format without size limitation.
We measured the calculation time by analyzing 320 JPEG images (2,040Â1,536 pixels). When a computer running JRE version SE6 on Mac OS X 10.7 with a four-core (eight threads) Core i7 central processing unit (CPU) (2.8 GHz) and 20 Gbyte memory was used, it took an average of 105 s to analyze one JPEG image. It was equivalent to 30 s for images with four cells and 259 s for images with 36 cells, indicating that the time varied depending on the number of cells in the image. When the computer had multithread CPUs, the software analyzed images in different subfolders in the input folder in parallel, reducing the total calculation time. Using the same computer, it took 9.3 h to analyze the 320 JPEG images in a single folder, whereas it took only 1.5 h when the images were in 16 subfolders each containing 20 images.
Reliability and reproducibility of the data calculated by HaematoCalMorph
To determine the reliability of the software, we compared its output with the results of the manual analyses from different methods. Of 428 cell areas identified by HaematoCalMorph, 412 areas were coincident with the cell areas inspected by eye. In addition, the remaining 16 areas were not classified as algae, implying that the recognition was accurate. Then we examined whether the software classified cell type properly. The software classified cell areas into four types, namely algae, colorless cells, 'touch' and other. The 'touch' category included cell areas that contacted the external margin of the image. We found that the system had excellent positive predictive value (99%) for identifying algae (242 of 245 cells). It judged 23 of 31 cells correctly as colorless dead cells. No cells were misidentified between algae and colorless cells. These results suggest that the classification ability of our system is highly reliable.
Then we tested the accuracy and reproducibility of two morphological measurements: the long axes and short axes of the cells. Three different people manually measured these features three times using 10 algal cells in a photographed image (Fig. 3, colored crosses) . As expected, the results differed individually, with failure to obtain reproducible results. In contrast, we obtained reproducible data with the software (Fig. 3 , analyzed image and diamonds in plots); the outputs were almost the average of the manual counts or close to them. In some cases (Cell IDs #6 and #10), manually obtained measurements were under-represented. In addition, it took $17 min to measure these by hand but only 1.3 min with the software.
Estimation of cellular pigment contents
We examined whether we could obtain accurate information on pigment content. We applied multiple linear regression analyses to predict cellular Chl and carotenoid content. We cultured cells under continuous light (LL) conditions and obtained time-course samples. Volumetric Chl and carotenoid concentrations were determined with conventional spectrometric methods, and cellular pigment contents were calculated by dividing by the cell density. Using the same samples, microscopic cell images were acquired and analyzed with HaematoCalMorph to obtain quantitative color data. Since the cellular pigment contents varied at different time points, we used these data to generate regression equations to explain cellular pigment contents with three HaematoCalMorph parameters, AlgaeInnerMeanRedIntensity, AlgaeInnerMeanGreenIntensity and AlgaeInnerMeanBlueIntensity (Supplementary Table S1 ). When the regression equation was applied to the same data obtained under LL conditions, the predicted values almost completely matched the values determined by the conventional spectrometric method (Fig. 4 , left panels; R 2 = 0.999 for Chl; R 2 = 0.992 for carotenoids).
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Step 3 To determine the generality of the method, we applied the same equation to the different images of cells cultured under periodic light (LD) conditions (Fig. 4 , right panels). The predicted values still matched the measured values (R 2 = 0.963 for Chl; R 2 = 0.975 for carotenoids). Therefore, we concluded that the color information from the bright-field microscopic images could be useful for predicting pigment content in the cell.
Monitoring system for transition from flagellated cells to palmelloid cells
We aimed to create a system to monitor the transition from the motile flagellated cells (zoospores) to immotile palmelloid/cyst cells. Flagellated cells, which were small and oval in shape (e.g. cells #1-#4 and #7 in Fig. 5A ), were enriched in culture 1-2 d after release to new medium (Wayama et al. 2013) . In contrast, palmelloid/cyst cells, which are large and spherical in shape (e.g. cells #5 and #6 in Fig. 5A ), emerged later in incubation. When the OuterArea and OuterAxisRatio of each cell were scatter plotted after analysis of 341 algal cells in 66 images, flagellated cells were enriched in the left region (Fig. 5B, diamonds) . To build a classifier for the flagellated cells, we applied random forests, a supervised ensemble machine-learning method that achieves high classification accuracy by combining multiple decision trees constructed from a resampled input of training data (Breiman 2001) . The classifier built from the 341-cell data classified the same cells with an accuracy of 100%, i.e. all cells classified as either flagellated or non-flagellated cells were confirmed by manual inspection (Fig. 5B, colored symbols) . To test performance, we classified 341 other different cells in the same images with the trained classifier. When we used two parameters (OuterArea and OuterAxisRatio), the machine classified the algal cells with an accuracy of 79% (Fig. 5D) . When we used all parameter values, the accuracy increased to 89% for test cells (Fig. 5E ). OuterTotalRedIntensity and OuterShortAxisLength possessed high variable importance values, suggesting that these parameters contributed well to building the classifier for the trained cells. We also applied another supervised machine-learning algorithm, support vector machine (SVM), to the same training and test cells and obtained similar accuracy ( Supplementary Table S2 ). Thus, these results indicate that flagellated cells and palmelloid/cyst cells can be classified using a machine-learning approach using quantitative and multivariate morphological data.
Monitoring system for dynamic changes of H. pluvialis in culture
We aimed to create a monitoring system for the dynamics of cells incubated under LL or LD conditions. To identify features that varied by time, we applied principal components analysis (PCA) on the average values of the 25 parameters at the different time points. PCA is an exploratory multivariate statistical technique for simplifying complex data sets and it has been used for analyzing time-dependent changes in yeast morphology data (Ohnuki et al. 2013 ). The components of the first principal component (PC1), which explained 51% of the variance ( Supplementary  Fig. S1 , Supplementary Table S3), changed over time under both LD and LL conditions (Fig. 6A) . The long axis lengths of cells (OuterLongAxisLength, Fig. 6D ) with the highest absolute loading values to PC1 increased gradually in a time-dependent manner (Fig. 6B) . Likewise, the values of seven other parameters with the high absolute loading values (schematic drawings are shown in Fig. 6D ) changed gradually over time ( Supplementary Fig. S2 ). Accordingly, the eight parameters presented in Fig. 6D could be used to monitor time-dependent changes of the algal cells in culture. Among the parameters with the low absolute loading values to PC1, InnerMeanGreenIntensity (average intensity of the green channel in the colored region) and OuterMeanGreenIntensity (average intensity of the green channel in the cell region) significantly decreased at day 12 under LL conditions but showed no obvious change under LD conditions ( Fig. 6C; Supplementary Fig. S2 ). Both parameters exhibited high loading values to PC3. This suggests that PC3 could be used to distinguish between LL and LD conditions. Because these parameters are negatively correlated with carotenoid content, this implies accumulation of carotenoids under LL conditions. In addition, we estimated the number of flagellated cells and immotile cells in culture using the random forests classifier. We demonstrated that the classified flagellated cells appeared transiently, with a peak at day 1 under LD conditions and at day 2 under LL conditions (Fig. 6E) . Thus, we monitored both time-dependent and condition-dependent changes in the algal cells with the quantified data.
Discussion
Our proposed image-based monitoring system is composed of HaematoCalMorph and accompanying multivariate statistical techniques. The digital image-processing software HaematoCalMorph recognized H. pluvialis cells as well as colorless dead cells correctly. We easily obtained data on quantitative morphological and color information from single cells using the software, which is in contrast to the excessive time and labor needed to collect such data manually. Using HaematoCalMorph and a random forests classifier, we readily detected mobile flagellated cells and immotile palmelloid/cyst cells. Furthermore, by performing PCA, we identified several features suitable for studying cell dynamics under different light conditions.
Parameters of HaematoCalMorph
The output parameters of HaematoCalMorph contained rich information for characterizing the algal cells. Our software quantifies images using 25 parameters, including cell size, shape and pixel intensity. Of those, nine are obtained from direct image-processing output and the other 16 are calculated from a combination of parameters. Because no parameter is a linear combination of the others, strong semantic correlations with each other are not likely. For example, a high correlation between cell area and cell outline length would be observed in some cases, but they may be independent when the cell does not have a coccoid form. The apparent redundancy of the parameters is not preferable, but measures from multiple parameters may improve classification of flagellated cells by a random forests classifier.
Single-cell measurement with HaematoCalMorph
The ability to measure single cells is beneficial for studying algal cells. First, it allows one to discriminate flagellated zoospores from other cells. Although the zoospore is thought to be a transient stage in the life cycle (Lee and Ding 1994, Measured (µg/ml) Measured (µg/ml) Estimated (µg/ml) Kobayashi et al. 1997b ), molecular mechanisms for zoospore formation are unknown. Statistical characterization of zoospores would help to differentiate between these cell types and to elucidate transition mechanisms. Secondly, with our software, the pigment content in each cell can be estimated. Although methods for quantifying carotenoids and Chl content have been reported (Kamath et al. 2005 , Lababpour and Lee 2006 , Yuan et al. 1996 , Ranga et al. 2009 ), the estimated values are always averaged over culture or weight. We showed in this study that single-cell values for the pigment are useful for monitoring cell dynamics. In addition, single-cell measurements would be advantageous when the deviation among cells is large.
Application of HaematoCalMorph to physiological studies
Simultaneous acquisition of morphological information on a large number of algal cells using HaematoCalMorph enables us to monitor dynamic changes in culture. By performing PCA, we obtained eight parameters suitable for monitoring time-dependent changes and one parameter suitable for distinguishing different light conditions. Ultrastructural threedimensional reconstruction of algal cells revealed a marked increase in oil droplets containing astaxanthin and degeneration of chloroplasts in the transition from palmelloid cells to cyst cells during encystment (Wayama et al. 2013 ). However, that study based on single-cell analysis would require quantitative and statistical analysis with multiple cells. In this study, we demonstrated a statistically significant decrease in InnerMeanGreenIntensity at day 12 under LL conditions. The decrease in this parameter value implied the accumulation of astaxanthin having absorbance in the green region. The results of this study are consistent with the ultrastructural observations of Wayama et al. (2013) and other physiological studies (Kobayashi et al. 1992 , Li et al. 2010 . This implies that quantitative analyses with multiple cells using HaematoCalMorph are useful to obtain statistically reliable conclusions about physiological changes in culture.
Quality of color, bright-field microscopic images
To obtain good results with the software, image quality is important. Well-contrasted images allow the software to detect the edges of cells accurately. Cells should be dispersed in the image because clustered cells are recognized as 'other' and excluded from further analysis, resulting in a reduction in the number of analyzed cells. Dustless and monotone background images are desirable because features such as staining and dust could also be detected as colorless cells, resulting in an apparent increase in dead cells. In summary, our software obtained morphological information on single cells from multiple viewpoints simultaneously. Multivariate statistical techniques enabled us to monitor population dynamics in a culture. Easy and immediate analysis with our software could be used to optimize culture conditions, assist with breeding algal strains to achieve higher carotenoid content and/or for quality control of biotechnological processes without laborious pigment extraction steps. Because the system is basic and general, it may be applicable to other useful algae, including oil-producing Botryococcus, Chlorella and Dunaliella.
Materials and Methods
Culture and observation conditions
A culture strain of H. pluvialis (K-0084) was obtained from the Scandinavian Culture Collection of Algae and Protozoa (SCCAP) at the University of Copenhagen. The culture medium used was TAP medium (without agar) (Kasai et al. 2009 ) (http://mcc.nies.go.jp/02medium-e.html#tap). Cyst cells were inoculated into 20 ml of TAP medium in 100 ml Erlenmeyer flasks. Cells were incubated at 25 C under 12 h light/12 h dark (LD) conditions or continuous light (LL) without shaking. The light intensity was set to 100 mmol photons m À2 s À1 using daylight fluorescent bulbs. At the indicated day after inoculation, an aliquot of culture was harvested to determine the cell concentration and pigment amount and to acquire cell images. To observe flagellated cells, inoculated cells were incubated at 25 C under continuous light (100 mmol photons m À2 s À1 ) for 1 d. For microscopic observation, 10 ml of culture was added to a glass slide and covered with a coverslip. Cells were observed using an Olympus BX52 microscope with an oil immersion Â40 objective lens (Olympus). Images were obtained with a color CCD camera, DP70 (Olympus). Amounts of Chl and carotenoids were spectrophotometrically determined by the method of Wellburn using dimethylsulfoxide (DMSO) as a solvent for pigment extraction (Wellburn 1994) .
Image-processing algorithms of the software
Step 1. Pre-processing. To reduce computing time, the size of an original image (Fig. 1A) was reduced to half for each axis (1,020Â768 pixels). The image was decomposed into three channels (referred to as R, G and B for red, green and blue channels, respectively) to create grayscale images. The grayscale images were standardized so that the modes of pixel intensity of the three channels were equal to their median by value shifting. If the intensity values were >256 or <0, they were set to 255 and 0, respectively. Then, levels of each standardized image were adjusted so that the minimum and maximum intensities were 0 and 255, respectively (referred to as leveladjusted channel images) (Fig. 1B-D) . The level-adjusted channel images were converted to binary format images (referred to as binarized channel images) (Otsu 1979) .
Step 2. Edge detection and region segmentation. To detect edges with high accuracy, we focused on two types of brightness differences. Pixels for which the local brightness changed sharply (boundary of cells) or a boundary of global brightness difference was observed (boundary of pigmented regions in cells); they were identified as edges and converted to boundary lines that segmented an image into regions. First, the edges of the local brightness changes were detected on the level-adjusted R channel images using the Canny algorithm (Canny 1986 ). The detected edges were connected using the watershed algorithm (Beucher 1982) (Fig. 1E) . Secondly, the edges of the global brightness difference were detected by tracing bright regions of the binarized image of pigmented regions (Fig. 1F) . Because pigmented regions are chromatic, the image of the pigment regions was obtained by calculating the Euclidean distance of each pixel brightness from the line x = y = z in threedimensional RGB space after subtraction of a mean value of RGB for each pixel. Then, both of the detected edges were combined after removing edges of the local brightness changes in the bright regions of the binarized image of the pigment regions. The edges were thinned with Hilditch's algorithms (Hilditch 1969) and were converted to boundary lines of 1 pixel width. The spurs generated by the Hilditch's algorithms were pruned by removing the end-points of the lines one after another (Fig. 1G) . These operations were done with an embedded ImageJ toolkit (Schneider et al. 2012) .
Step 3. Foreground detection. To detect cell regions, the segmented regions were classified into background regions and foreground regions, whereby the foreground regions were expected to include the cell regions. We combined two classification strategies. One effectively detected cell regions with heterogeneous color intensities based on the average and variance of the pixel intensities in the regions. We used these parameters because pixel intensities were lower and more variable in cells than in the background regions. As standards, the average and variance of pixel intensity in the temporal foreground regions and background regions of the level-adjusted R channel image were calculated (i.e. foreground average standard, foreground variance standard, background average standard and background variance standard). Then, for each segmented region, the average and variance of the pixel intensities of the level-adjusted R channel image were calculated. The segmented regions were classified into foregrounds and backgrounds as follows. (i) Segmented regions with a lower average of intensities than the foreground average standard were classified as foregrounds. Segmented regions with higher average of intensities than the background average standard were classified as backgrounds. (ii) Among the rest of the segmented regions, regions with higher variance of intensities than the foreground variance standard were classified as foregrounds. Segmented regions with a lower variance of intensities than the background variance standard were classified as backgrounds. (iii) The rest of the segmented regions were classified as foregrounds (Fig. 1H) . The other strategy effectively detected colorless dead cell regions. First, R, G and B channel images were converted to binary format images after level adjustment as described in Step 1. Pixels in dark regions of at least one binarized channel image were judged as foreground (Fig. 1I) . To combine the results of the two strategies, pixels were classified as foregrounds if they were judged to be a foreground region by either method. In addition, if the number of foreground pixels in a segmented region was larger than that of the background pixels in the same region, the regions were classified as foregrounds. Finally, to reduce misidentification of non-cell regions, foreground regions with <150 pixels were reclassified as backgrounds (Fig. 1J) . The threshold can be configured via a graphical user interface (GUI) of the software.
Step 4. Classification of cell region. Foreground regions as judged above were classified into cell and non-cell regions. First, regions that touched an external margin of the image were classified as 'touch' and excluded from further analysis. Since most objects of biological origin (H. pluvialis cells in palmelloid and cyst stages and colorless dead cells) have round shapes, resemblance to a circle would be a good measure of cell regions. Considering future extensibility, we employed a measure chordiogram to assess resemblance to a circle since this measure can be easily applied to other complex shapes (Toshev et al. 2010 ). We calculated a chordiogram of every foreground region and compared it with a reference chordiogram of a circle with a 50 pixel diameter. We judged the foreground regions with chordiogram distances (dissimilarity of the two chordiograms) <0.5 as cell regions and the rest of the foreground regions as 'other' regions (Fig. 1K) . Among the cell regions, colored regions were classified as 'algae' and the others as 'colorless' (Fig. 1L) .
Step 5. Calculation of morphological parameters. To describe cells with quantitative values, we set parameters and calculated measures for each cell region (Table 1A) . Thirteen cell shape parameters and 12 pixel intensity parameters from R, G and B channels were calculated. The averages of the above parameter values and the number of cells were also calculated for each image ( Table 1B) .
Output of HaematoCalMorph
The output consisted of analyzed images and tab-delimited text files (Fig. 2) . A folder with an identical name to that of the input folder contained analyzed images and a text file. The analyzed images represented cell ID, outline of cell region, pigment regions, long and short axes, and gravity center superimposed on the original images. Outlines of cells judged as algae (light blue), pigmented regions in cells judged as algae (yellow), 'touched' cell areas that contacted the external margin of the image (pink), colorless dead cell regions (red) and other unclassified regions (green) are indicated. Line segments in the recognized regions indicate long and short axes. Numerals and crosses in the recognized regions indicate IDs in the image and gravity centers of the regions, respectively. The text file named '(folder name or subfolder name)_SingleCellData.tsv' consisted of information on the recognized cell regions. Each row consisted of a different data point: image ID, cell ID, x-y coordinates of the cell center, type of cell and the values of 25 measurements described in Table 1A . Outside the folder, two text files were generated. One file named '(input folder name)_ImageSummary.tsv' contained summarized information by image. The other file, named '(input folder name)_Summary.tsv', contained summarized information by subfolder. The rows included data on image name or on the subfolder name, number of cells by type and 25 average measurements of cells judged as algae in the image or in a subfolder described in Table 1B .
Data analysis
The R program (http://www.R-project.org) with the standard package was used to perform computations, the e1071 package was used for cross-validation and parameter optimization of SVMs (Chih-Chung and Chih-Jen 2011) and the randomForest package was used for classification by the random forests algorithm (Breiman 2001) .
Multiple linear regression analysis. To estimate the amounts of pigment from images, a multiple regression linear model was applied. To obtain the reference data, cells were cultured under LL conditions and culture aliquots were harvested at 1, 2, 3, 5, 7, 9, 12 and 14 d after inoculation. We determined cell density with a hemocytometer and the volumetric pigment concentration of DMSO-extracted samples with spectrometry, and the acquired cell images were analyzed using HaematoCalMorph. The determined volumetric pigment concentration was converted to cellular pigment content by dividing by cell density. A multiple linear regression attempted to model the relationships between explanatory variables (averaged pixel intensities in a colored region of H. pluvialis cells) and a response variable (cellular pigment content) (Supplementary Table S1 ). To validate the equations obtained from the regression analysis, we cultured cells under LD conditions and obtained the other data set as described above.
Random forests classifier. To discriminate flagellated cells from other cells, a random forests classifier was used (Breiman 2001) . Sixty-six images of a sample with enriched flagellated cells were analyzed with the software, and data from 682 cells were divided into two groups, each containing data from 341 cells. One group was used to train the classifier to classify flagellated cells and other cells. Two cell shape parameters (OuterArea and OuterAxisRatio) or all 25 morphological parameters were used for training. Classifications were then conducted according to the learned settings to classify the cells in the training set or the remaining 341 cells representing a test set. Another learning algorithm, an SVM, was also used to classify the algal cells with the same training and test sets (Kristin and Colin 2000) . Settings for the classifiers are described in Supplementary Table S2 .
Principal components analysis. PCA was performed to summarize output data of the software with scaling, and parameters that correlated significantly with the PC1 were estimated by controlling the false discovery rate (FDR) (Storey et al. 2004 ).
Download site
The executable software and sample images are available at http://sunlight.k.u-tokyo.ac.jp/HaematoCalMorph.
Supplementary data
Supplementary data are available at PCP online.
Funding
This work was supported by Core Research for Evolutional Science and Technology (CREST), Japan Science and Technology Agency.
